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variations necessitates the implementation of sensors to 
detect this change by use of in-band or out-of-band sens-
ing of the wireless system. In this case, load modulation 
is achieved via primary-side control techniques, hence the 
need for secondary-side parameter estimation. For instance, 
when the equivalent load resistance varies during charging 
process, output regulation will require the recognized output 
parameters.

To address this challenge, numerous parameter identi-
fication techniques have been developed, each with their 
distinct trade-offs [8]. The most traditional are analytical 
methods, which use the circuit model equations and pri-
mary-side measurements of the system to solve for unknown 
parameters like load resistance and output load voltage [9, 
10]. While computationally simple, these methods are noto-
riously vulnerable to inevitable measurement noise and pro-
cess noise [11]. The reliance on an idealized system model 
means that their accuracy will degrade significantly under 
non-ideal operating conditions. Next identification tech-
nique in literature is the signal-processing techniques [12, 
13]. The work in [12] using Fast Fourier transforms handles 
noise by using multiple interharmonics but at a steep cost of 

1  Introduction

Inductive Wireless Power Transfer (IWPT) technology has 
become a cornerstone for innovation in charging applica-
tions ranging from consumer electronics to transportation, 
offering convenience and enhanced safety  [1–3]. A funda-
mental challenge in designing these systems is maintaining 
the power transfer efficiency, which is critically dependent 
on accurately identifying the system parameters, especially 
those located on the secondary-side of the system [4, 5]. 
However, in practically implemented IWPT systems that 
eliminate communication links in order to reduce cost and 
complexity, the secondary-side parameters are difficult to 
measure directly [6, 7]. Furthermore, the occurrence of load 
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This article presents an effective load estimation strategy that pairs an analytical model with a dynamic Kalman estimator 
for Inductive Wireless Power Transfer (IWPT) system that eliminates feedback from the secondary-side to the primary-
side. Given that sensed primary-side current and voltage quantities are vulnerable to noise, conventional approaches tend 
to propagate this noise, thereby impacting the accuracy and tracking of the identified load parameters. Therefore, this 
article proposes the implementation of a two-step strategy for identification under varying output load conditions. First, 
the output load resistance is estimated analytically as a baseline parameter. Then, based on the recognized resistance 
parameter, a state-space dynamic Kalman model of the system is derived to track the output load voltage. This two-step 
identification strategy has the advantage of robust estimation in the presence of noise and load variations as it decouples 
the nonlinear system via a linear estimator. The efficacy of the proposed identification approach is confirmed through 
simulation and experimental validation using a 75 W IWPT hardware test-bench. Under dynamic operation, the proposed 
two-step identification approach reduces the estimation error by 32% at maximum variation range.
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high computational complexity and a requirement for very 
high sampling rates to achieve targeted accuracy.

Another applied approach is to actively perturb the system 
to identify its parameters. In [14, 15], frequency-sweeping 
methods, for example, sweep the excitation frequency and 
observe the response to determine resonance peaks through 
which parameters can be derived. A major drawback of this 
identification technique is that it inherently disrupts normal 
power transfer during the sweep. Moreover, its accuracy can 
be compromised in noisy environments or when the sweep 
range is limited. A proposal in [16] is a method that is based 
on addition of auxiliary measurement circuit such as auxil-
iary sensing loop coil in the system which can yield robust 
estimates without interrupting power transfer, but this is 
done so at the cost of increased hardware complexity, size, 
and expense. A common ground for these diverse methods 
is a persistent dilemma of a choice between simple, low-
cost methods that lack robustness, and more accurate meth-
ods that are complex, disruptive and/or expensive.

The inherent limitations of these conventional tech-
niques, particularly their vulnerability to noise and inability 
to adapt to dynamic load changes without operational dis-
ruption, highlight the need for a robust, real-time estimation 
strategy. State-space observers, and specifically the Kalman 
filter [17, 18], provide a powerful framework for estimating 
states in dynamic systems corrupted by noise. The Kalman 
filter’s recursive nature makes it exceptionally well-suited 
for tracking time-varying parameters in real time.

Conventional observer-based approaches, such as 
extended Kalman filter (EKF) [17], typically attempt to 
estimate states and unknown parameters simultaneously. 
These approaches require linearization of a nonlinear model 
which introduces linearization error, compounding addi-
tional computational error. On the other hand, the two-step 
framework proposed in this paper first obtains a baseline 
analytical estimate of the equivalent AC load resistance and 
then uses this estimate to form a time-varying but linear 
state transition matrix for the linear Kalman filter model. 
This decoupling structure avoids nonlinear estimation of the 
AC load resistance inside the filter, hence offering a favor-
able trade-off: first step to account for the nonlinearity while 
second step retains relative computational simplicity of the 
Kalman filter. Therefore, this paper proposes an effective 
identification strategy that leverages the strengths of both 
analytical and filter-based approaches of Kalman estimator 
to identify dynamic output parameters, considering that the 
coupling is defined as the transmitting and receiving plat-
forms are under guided positioning in accordance with Qi 
wireless charging standards [19]. The contributions of this 
work are as follows:

1.	 A robust two-step identification framework that first 
uses an analytical model to obtain an initial estimate of 
the equivalent alternating current (ac) load resistance, 
Req, which is then crucially used to inform the state-
space model for the Kalman estimator.

2.	 By dedicating the Kalman estimator to a single, well-
defined task of tracking the output direct current (dc) 
voltage, this approach maintains tracking and robustly 
handles load changes and significant measurement 
noise.

3.	 The proposed strategy is a practical, non-disruptive 
implementation as it relies solely on acquisition of pri-
mary-side quantities, offering reliable online (real-time) 
load identification in IWPT systems.

The rest of this article is organized as follows. Section 2 
outlines identification in IWPT system and noise impact of 
conventional identification. Section 3 derives the state-space 
Kalman estimator model. Section 4 presents simulation 
and experimental validation for this two-step identification 
method. Section 5 concludes the article.

2  Load Parameters Identification in IWPT 
System

Figure 1 demonstrates a general IWPT system with primary-
side identification. The transmitter side is comprised of a dc 
source, high frequency (HF) inverter and input matching 
network (IMN), the coupler constitutes different geometri-
cally designed coupling coils, and the receiver is made of 
output matching network (OMN), rectifier and load. Input 
primary-side voltage and current are obtained from the IMN 
on the transmitter side and are fed into the primary-side 
identification technique. The resulting estimated parameters 
are then utilized for load modulation that is implemented in 
the primary-side controller.

2.1  Configuration of SS-IWPT System

In numerous articles published in literature, a series-series 
(SS) compensated system is the most commonly used topol-
ogy with the IWPT system. Following this, the analysis in 
this paper will also utilize the SS topology as illustrated in 
Fig. 2. On the primary side, a DC voltage source VDC pow-
ers a full-bridge inverter (switches S1–S4) that generates a 
high-frequency ac voltage Vp. Ip is the current through the 
primary resonant tank, which consists of a compensation 
capacitor Cp in series with the primary coil self-inductance 
Lp and its equivalent series resistance Rp. M is the mutual 
inductance linking the primary-side and secondary-side 
self-inductances. The secondary resonant tank, comprising 
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a series compensation capacitor Cs and the secondary coil 
self-inductance Ls with its equivalent series resistance Rs, 
resonates to maximize power transfer, resulting in a second-
ary ac voltage Vs and current Is. This ac current is rectified by 
the full-wave rectifier, smoothed by an output filter capacitor 
Co, and delivered to the output load resistor RL, producing 
a final DC output voltage Vo and current Io. Under the ideal 
diode assumption, the rectifier and load present an equiva-
lent ac resistance Req to the secondary resonant circuit.

2.2  Noise Impact of Sole Analytical-Based 
Conventional Identification

Analytical-based conventional identification is based off 
of the system equivalent circuit model. The equivalent cir-
cuit schematic of the SS-compensated IWPT is shown in 
Fig. 3. Assuming fundamental harmonic approximation 

using Kirchhoff’s voltage law analysis, the equivalent input 
impedance Zin seen from the primary side is derived to be 

Zin = Rp + jωLp + 1
jωCp

+ (ωM)2

Zs
� (1)

where Zs is the secondary-side impedance given as 

Zs = Rs + jωLs + 1
jωCs

+ Req.� (2)

From (1), the real and imaginary parts of the equivalent 
input impedance are given as 

Rin = Rp + ω2M2 (Rs + Req)
(Rs + Req)2 + (ωLs − 1/ωCs)2 � (3)

and 

Xin = ωLp − 1
ωCp

− (ωLs − 1/ωCs) ω2M2

(Rs + Req)2 + (ωLs − 1/ωCs)2 � (4)

where (3) and (4) are simplified by equating same denomi-
nator terms on the right-hand side to obtain 

ω2M2 (Req + Rs)
Rin − Rp

= (ωLs − 1/ωCs)
Xin − ωLp + 1/ωCp

� (5)

and thus, equivalent AC load resistance can be estimated as 

Fig. 3  Equivalent circuit of SS-compensated IWPT system

 

Fig. 2  Configuration of SS-IWPT 
system
 

Fig. 1  Primary-side identification 
in IWPT system
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ip,sens(t) = i(t) + ni(t), where ni(t) ∼ N (0, σ2
i )� (14)

Here, the variances σ2
v  and σ2

i  quantify the noise introduced 
by the voltage and current sensors, respectively, with zero 
mean. These noisy, instantaneous signals are then processed 
to calculate their rms values. This step carries the noise from 
the time domain into the estimated parameters. The result-
ing noisy rms values can be approximated as the true rms 
value plus an equivalent noise amplitude, Nv and Ni 

Vp1,rms,sens ≈ Vp1,rms,true + Nv � (15)

Ip1,rms,sens ≈ Ip1,rms,true + Ni� (16)

These noisy sensed values are the direct inputs for calculat-
ing the input impedance of the system using (11) and (12). 
Consequently, the calculated impedance parts, R′

in and X ′
in, 

will also be erroneous, composed of their true values plus 
noise-induced error terms, δRin and δXin. 

R′
in = Vp1,rms,sens

Ip1,rms,sens
cos θ = Rin + δRin� (17)

X ′
in = Vp1,rms,sens

Ip1,rms,sens
sin θ = Xin + δXin� (18)

The propagation of these intermediate errors influences the 
estimation of the equivalent load resistance, R′

eq, modifying 
the formula in (6). To explore how, Req is linearized around 
Rin, Xin using a first-order Taylor expansion to give 

R′
eq = f(R′

in, X ′
in)

≈ f(Rin, Xin) + ∂f

∂Rin

∣∣∣
(Rin,Xin)

δRin

+ ∂f

∂Xin

∣∣∣
(Rin,Xin)

δXin.

� (19)

Hence, the estimation error can be written as 

δReq = Req′ − Req ≈ ∂Req

∂Rin
δRin + ∂Req

∂Xin
δXin.� (20)

Since δRin and δXin are assumed to be zero-mean and are 
uncorrelated, then the variance of δReq can be expressed as 
the weighted sum of the variances of δRin and δXin, which 
are given by the squared partial derivatives 

Var[Req′] ≈
(

∂Req

∂Rin

)2

Var[δRin] +
(

∂Req

∂Xin

)2

Var[δXin].� (21)

Noting that the output voltage Vo in (10) depends on Req, 
any uncertainty in Req will be propagated into Vo. Denoting 

Req = − (Rin − Rp) (ωLs − 1/ωCs)
Xin − ωLp + 1/ωCp

− Rs.� (6)

This Req is transformed to the load resistance RL by the 
power balance for the lossless full bridge rectifier as 

RL = 8
π2

(
− (Rin − Rp) (ωLs − 1/ωCs)

Xin − ωLp + 1/ωCp
− Rs

)
.� (7)

The rms of the fundamental component of the voltage across 
Req is given by 

Vs1,rms = Is1,rms Req� (8)

where Is1,rms is the rms of the fundamental component of 
the secondary-side current given by 

Is1,rms =
∣∣∣∣
jωMIp1,rms

Zs

∣∣∣∣ .� (9)

Hence, the full-wave bridge rectifier produces approxi-
mately the average value of the full-wave rectified output 
load voltage [10] as 

Vo = 2
√

2
π

∣∣∣∣
jωMIp1,rms

Rs + jωLs + 1/jωCs + Req

∣∣∣∣ Req.� (10)

These estimations are executed with the aid of measured 
primary-side current and voltage to determine the Rin and 
Xin terms as 

Rin = Vp1,rms

Ip1,rms
cos θ� (11)

and 

Xin = Vp1,rms

Ip1,rms
sin θ� (12)

where Vp1,rms and Ip1,rms are the rms values of the funda-
mental components of the primary-side voltage and current, 
respectively, and θ is the phase difference between funda-
mental components of the primary-side voltage and current 
during operation.

To illustrate noise impact on the sole analytical identi-
fication process, the process begins with raw, noisy sensed 
quantities of the primary-side voltage and current. These 
noisy signals, vp,sens(t) and ip,sens(t), can be modeled as 
the sum of the true signal and additive white Gaussian noise 
(AWGN) terms nv and ni. 

vp,sens(t) = v(t) + nv(t), where nv(t) ∼ N (0, σ2
v)� (13)
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demonstration of Eqs. (21) and (23), respectively, plotting 
the increasing primary-side current noise variance of 0.1 to 
2.5 against the variance of the estimated load resistance RL 
and output voltage Vo. In Fig. 4 (a), the variance of the esti-
mated RL rises from less than 0.01 Ω2 to approximately 0.24 
Ω2 while Fig. 4 (b) shows that the variance of Vo increases 
from less than 0.01 Ω2 to approximately 0.12 V 2

o . The accel-
erating growth in the variance of both estimates confirms 
that the sole analytical method inherently amplifies mea-
surement uncertainty, leading to unreliable and imprecise 
results as noise increases. Figure 5 demonstrates the con-
sequence of this unreliability by plotting the percentage of 
the resulting error terms in (24) and (25). It illustrates that 
the increased variance translates into reduced estimation 
accuracy for both the estimated RL and the subsequent Vo 
estimation.

Figure 6 (a) demonstrates the RL estimation while (b) 
shows the Vo estimation. It can be seen that the identifica-
tion following a step change exhibits increased deviation 
error from the actual value, that is propagated in Vo which 
follows RL estimation. Estimation error for RL estimation is 
0.5% and 7.1% before and after load step change, respec-
tively, while in Vo estimation error is 2.4% and 7.9% before 
and after the load step change, respectively. Also, the signal 
noise is considered in the current measurement. This affects 
the prior RL identification and is amplified in subsequent Vo 
estimation. The estimated load parameters are erroneous in 
terms of reduced accuracy and sensitivity to noise.

As can be seen, conventional analytical identification 
method of the IWPT of the system without any update 

this dependence as Vo ∝ g(Req) where g represents the 
other quantities in the equation, and linearizing gives 

Vo′ ≈ Vo + ∂Vo

∂Req
δReq.� (22)

Therefore, the variance of the estimated output voltage is 

Var[V ′o] ≈
(

∂Vo

∂Req

)2

Var[R′eq]� (23)

The expression in (21) shows that the initial measurement 
variances, which originate from σ2

v  and σ2
i , are amplified 

by the square of the factors inherent in the identification 
formula. This explains that the sole analytical approach is 
structurally prone to noise as it is propagated in subsequent 
operations. The error in the estimated load resistance is cas-
caded to the final output voltage estimation. The resulting 
variance of the estimated output voltage, Var[V ′o], demon-
strates a dependence on the load resistance estimation vari-
ance. Hence, 

δRL = RL′ − RL� (24)

δVo = Vo′ − Vo� (25)

are the resulting error terms of the estimated parameters.
Utilizing the system specifications provided in Table 

1, load resistance and output load voltage are estimated 
analytically. Figure 4 (a) and (b) provides a quantitative 

Table 1  Circuit parameters for simulation and experiment
Symbol Parameters Value
Lp Primary coil self-inductance 155.40 µH

Ls Secondary coil self-inductance 156.56 µH

M Mutual inductance 41.54 µH

Cp Primary-side compensation capacitance 15.88 nF
Cs Secondary-side compensation capacitance 16.30 nF
Rp Primary coil equivalent series resistance 0.1434 Ω
Rs Secondary coil equivalent series resistance 0.1474 Ω

Fig. 4  Effect of sensed noise vari-
ance on the variance of estimated 
RL and Vo
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analytical models are susceptible and vulnerable to noise. 
Since the model assumes a noiseless system, any mea-
surement noise from the sensor or uncertainty noise in the 
practical system can lead to amplification of error during 
identification. When sensed values are used in the model, 
noise in the sensed quantities will propagate through the 
analytical formula to the identified output parameters, being 
amplified in the process.

In summary, a sole analytical approach is vulnerable as it 
is not as accurate outside the idealized set of nominal opera-
tion. By contrast, an identification method that is insuscep-
tible to noise would robustly enhance parameter estimation.

3  Proposed Two-Step Identification Method

The two-step identification strategy of an SS-compensated 
IWPT system proposed in this paper is illustrated in Fig. 7. 
The first step of this strategy is the identified equivalent load 
resistance Req parameter. This quantity has been analytically 
recognized in the procedure provided in Sect. 2.

Having successfully acquired this baseline parameter, a 
Kalman estimator is modelled for the output load voltage Vo 
identification in the second step. To implement the Kalman 

has major drawbacks. First, sole analytical method lacks 
dynamic adaptability to system changes. If variation in the 
load occurs during system operation, a fixed analytical solu-
tion is not able to adjust flexibly and accordingly. Second, 

Fig. 7  Two-step identification of 
an SS-compensated IWPT system
 

Fig. 6  Analytical-based con-
ventional estimation of (a) load 
resistance and (b) load voltage

 

Fig. 5  Comparison of mean percentage error of estimated RL and Vo
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x(k) = Adx(k − 1) + Bdu(k − 1) + w(k − 1),� (35)

z(k) = Cx(k − 1) + v(k − 1),� (36)

Vo = 2
√

2
π

Reqz(k),� (37)

where x(k) is the four-by-one state vector of the parameter 
to be estimated which in this case is x(k)=[x1 x2 x3 x4]T, 
z(k) is the one-by-one observation vector that corresponds 
to matrix C of the true state of x(k), w(k) is the process 
noise and v(k) is the measurement noise. Since is is obtained 
from the result of z(k) and Req has already been identified, 
the output DC voltage Vo is achieved after the bridge rectifi-
cation in (37). The Kalman estimator operates in two phases 
of prediction and correction [17] as follows:

1) prediction (time update) 

x̂(k|k − 1) = Adx̂(k − 1|k − 1) + Bdu(k − 1) + w(k − 1)� (38)

P (k|k − 1) = AdP (k − 1|k − 1)AT
d + Q(k)� (39)

2)	 correction (measurement update)

K(k) = P (k|k − 1)CT
(
CP (k|k − 1)CT + R(k)

)−1� (40)

x̂(k|k) = x̂(k|k − 1) + K(k) (z(k) − Cx̂(k|k − 1))� (41)

P (k|k) = (I − K(k)C) P (k|k − 1)� (42)

In this Kalman operation, P (k) is the covariance matrix that 
measures the estimated accuracy of the state estimate and 
K(k) is the Kalman gain that optimally balances the trust 
between the prediction of the system model and the incom-
ing sensor measurement. Here, a high gain places more trust 
in the measurement while a low gain favors the prediction.

Q(k) and R(k) are noise covariance matrices from the 
uncertainty of the dynamic system model and measure-
ments obtained through sensors, respectively. Tuning of 
these covariance parameters aids in achieving stable filter 
performance. In theory, these matrices should match the 
true noise statistics, but in most practical applications the 
exact distributions of process and measurement noise are 
unknown, hence Q(k) and R(k) effectively become tuning 
parameters [20]. Following this, the basis for selecting and 
tuning the parameters of matrices of the noise covariance 
matrices Q(k) and R(k) is via heuristic trial and error for the 
filter performance.

Computational speed is also of importance when it comes 
to real-time implementation of an identification technique. 
Regarding the case of load variation in the dynamic IWPT 
system, the time for executing the identification algorithm 

estimator, a state-space representation of the system is first 
established. The state variables are defined as 

X = [x1, x2, x3, x4]T =
[
ip, is, vCp , vCs

]T
,� (26)

to describe the state in the energy storage elements in the 
context of the equivalent circuit of this IWPT system. From 
Fig. 8 which illustrates a magnetically coupled IWPT sys-
tem with mutual inductance modelled as current-controlled 
voltage sources, state equations are obtained as shown in 

Mẋ1 = Reqx2 + Lsẋ2 + Rsx2 + x4,� (27)

u = x3 + Rpx1 + Lpẋ1 + Mẋ2,� (28)

ẋ3 = 1
Cp

x1,� (29)

ẋ4 = 1
Cs

x2.� (30)

Solving the state-space equations results in state transition 
matrix A, input matrix B, output matrix C and direct tran-
sition matrix D, that model the dynamic behaviour of the 
IWPT system. These matrices are 

A =




−RpLs

Li

M(Rs+Req)
Li

−Ls

Li

M
Li

RpM
Li

−Lp(Rs+Req)
Li

M
Li

−Lp

Li1
Cp

0 0 0
0 1

Cs
0 0


� (31)

B =
[

Ls

Li

−M
Li

0 0
]T

� (32)

C = [1 0 0 0]� (33)

D = [0]� (34)

where Li = LpLs − M2 assumes imperfect coupling and k 
here refers to the iteration index. The Kalman estimator is 
now utilized to discretely(subscript d) model 

Fig. 8  Schematic of a magnetically coupled IWPT system
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approach utilizing the specification parameters in Table 1. 
Also, to account for noise in the simulation, Fig. 9 shows 
AWGN that is injected into the simulation to imitate a prac-
tical current sensor that has inherent measurement noise. In 
the probability distribution plot of the injected noise ampli-
tudes, shown in Fig. 10 of the probability density function 
(PDF), sigma (σ) is set between 0.01 and 0.05, correspond-
ing to nominal noise levels of 1% to 5% of the measured 
value. Interpreted statistically, approximately 68% of the 
noisy measurements do lie within ±σ, and about 95% lie 
within ±2σ of the true value. A value of σ = 0.05 is chosen 
to emulate a worst-case scenario, where the sensor exhib-
its relatively high variability, that is, up to ±5% for one 
standard deviation in its acquired measurements. Also, the 
noise covariance parameters of Q(k) and R(k) for tuning the 
behavior of the filter in this simulation are set as 

will depend on the complexity of the estimation process. 
The estimator depends on the number of floating point oper-
ations required and the number of tasks a processor can han-
dle within a specified period. Calculation of the computation 
time is done by taking the product of the floating point oper-
ations performed per second and the clock speed which is 
200 MHz for TMS320F28379D [21]. For the proposed two-
step identification, approximately 481 arithmetic operations 
for equations (31)-(37) are executed. Therefore, assuming 
200 million floating point operations per second the esti-
mation computation time is 481x(1/200000000) ≈ 0.002405 
s. For the sole analytical-based conventional identification 
comprising of approximately 167 arithmetic operations 
performed for equations (6), (10), the computation time for 
the estimation is 167x(1/200000000) ≈ 0.000835 s. The pro-
posed identification approach computation time is noted to 
be longer compared to the conventional method due to com-
position of state-space matrices.

In summary, the proposed two-step identification method 
strategically decouples the nonlinear system to be estimated. 
The primary goal of the first step is state-space linearization 
by analytically providing an estimate for Req which becomes 
a known varying parameter of state-space matrix A. Sub-
sequently, second step employs a linear Kalman estimator 
whose superior ability is to minimize measurement noise 
and track dynamic changes.

4  Verification

4.1  Simulation Verification

Simulation of a SS-compensated IWPT system is conducted 
in PSIM software [22] to verify the two-step identification 

Fig. 10  Probability distribution of noise amplitude

 

Fig. 9  Additive white gaussian 
noise injected into the sensed 
current
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(c)	 Heuristic tuning of Q(k) and R(k) matrix values.

The selected values from the tuning are then utilized as the 
respective Q(k) and R(k) covariance matrices parameter val-
ues in the system simulation.

Figure 12 illustrates the estimated output voltage when 
a disturbance is introduced in the load resistance parameter 
to observe the performance of the two-step identification. 
From the simulation plot, the two-step identification with 
Kalman estimator achieves steady-state errors of 1.8% and 
4.6% before and after the load step change, respectively, 
while a 7.9% error deviation is observed for the conven-
tional analytical identification. The Kalman estimator is 
observed to be robust to sensed noise as well as propagated 
noise in the output voltage estimation. Hence, the limita-
tion of sole analytical approach method to system dynamic 
change is observed.

Overall, the proposed two-step estimation approach 
improves performance for load parameter identification in 
dynamic conditions since the Kalman estimator adaptively 
filters noise and tracks dynamic changes with minimized 
error.

4.2  Experimental Verification

An experimental hardware testing platform for a 75 W 
IWPT with 50 V input and 40 V output is set up as shown 
in Fig. 13 to evaluate the proposed identification method 
using the specifications provided in Table 1. The primary-
side power source (ITECH IT-M3413) is bidirectional DC 
power supply. This supply feeds a full-bridge inverter stage 
that utilizes high-performance power MOSFETs (CREE 
C3M0065100k, Silicon Carbide (SiC)) that are suitable for 

Q(k) =




0.03 0 0 0
0 0.03 0 0
0 0 0.03 0
0 0 0 0.03


� (43)

R(k) = 10−8.� (44)

As demonstrated in [23], noise covariances 
Q(k) = K(k)I(k)K(k)T  and R(k) = I(k) − CP (k)CT  
are initialized and adjusted. In the Kalman filter for this sys-
tem, these covariance matrices are initialized and iteratively 
tuned as shown in the illustration in Fig. 11 of arbitrary 200 
samples under the following selection basis:

(a)	 Initialize noise covariance parameter values.
(b)	 Observe for difference between predicted and measured 

value.

Fig. 12  Simulation result with load step change for output voltage 
estimation

 

Fig. 11  Tuning noise covariance 
matrix Q and R parameters
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to analog output signals of the MCU using 12-bit digital-to-
analog converter (DAC) whose output conversion value of 
VDAC is [24] 

VDAC = Vref
D

2n
� (45)

where Vref is the reference voltage which in this setup is 5 V, 
D is the digital code decimal value, n is the number of bits 
(resolution) used to quantify the output and 2n is the total 
combination which for 12-bit resolution is 4096.

Figure 14 displays the experimental waveforms of the 
IWPT system operating at a switching frequency of 114 kHz. 
The ip slightly lags vp, which indicates the desired induc-
tive input impedance for achieving Zero Voltage Switching 
(ZVS) and minimizing inverter switching losses. On the sec-
ondary side, the voltage vs and current is are in phase, sig-
nifying that the secondary presents a purely resistive load, 
ensuring efficient real power delivery. These waveforms 
provide clear validation of the theoretical system model.

Load resistance identification obtained analytically under 
dynamic system operation with varying load resistance is 
shown Fig. 15. For observability within the DAC range 
[24], the output is transformed by 10:1 ratio. As the load 
resistance is gradually increased, dynamic estimation of RL 
is also observed in real time. RL is varied from 20 Ω to 40 
Ω. At nominal 20 Ω, the estimated RL has about 2% error, 
and at 40 Ω, the estimation error increases to approximately 

high-frequency applications. The transmitter and receiver 
coils are constructed using 3.5 mm diameter Litz wire to 
mitigate skin and proximity effects at high frequencies. The 
primary coil has an inner radius of 130.7 mm and an outer 
radius of 175.8 mm, while the secondary coil has an inner 
radius of 126.9 mm and an outer radius of 171.0 mm. For 
this study, the coils were maintained at a separation distance 
of 130.4 mm which provides a mutual inductance value of 
41.54 µH . Compensation circuit component’s measure-
ments are obtained using LCR Meter (Agilent 4263B). 
These loop coils are mounted on 40 mm by 40 mm ferrite 
square plates on both sides to provide magnetic flux shaping 
and shielding.

On the secondary-side, a full-wave rectifier is imple-
mented using Schottky diodes (CREE C3D16060, SiC) and 
a DC electronic load serves as a variable load for this test-
ing purpose. The system is operated with a 50 V input volt-
age and an output voltage of 40 V. A current sensor (LEM 
LA 55-P) is used to obtain current readings of the primary-
side current which is then passed through a peak detector. 
Differential probes (SI-9002) and current probes (LeCroy 
CP030) are used to measure voltage and current waveforms, 
respectively, onto the oscilloscope (LeCroy WaveSurfer 
64Xs-A). The parameter identification is implemented by 
utilizing a microcontroller unit (MCU) (Texas Instruments 
TMS320F28379D) [21]. Sensed current signal is fed into 
the MCU via configured 12-bit analog-to-digital conver-
sion (ADC). The identified parameters are then converted 

Fig. 13  Experimental hardware setup
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follow the actual load resistance value with about 9% devia-
tion at the maximum load resistance variation range of 40 
Ω.

Figure 17 shows the comparison of the estimated output 
load voltage Vo between the conventional sole analytical 
method and the proposed two-step identification method. 
The output voltage is plotted after computation via DAC 
[24]. For observability within the DAC range, the output is 
transformed by 40:1 ratio. At nominal voltage of 40 V the 
estimation is seen to have small errors in both estimation 
approaches. The estimation of the two-step Kalman estima-
tor has approximately 5% error while conventional estima-
tion has approximately 7.4% error at maximum load change. 
This is because with increasingly varying load resistance, 
the error in the prior estimated parameter of RL,estimated 
increases as well, impacting output voltage estimation. 
This increase is illustrated with the increasingly varying 
load resistance in both methods in Fig. 18. However, the 
conventional method is increasingly more erroneous as it is 
noisy. Compared to conventional estimation the proposed 
identification approach mitigates the noise as it reduces the 
error by approximately 32% at maximum load resistance 
variation. Hence, the two-step identification proves to miti-
gate the noise as load continuously varies. The performance 
obtained in this work is comparable with various reported 

9%. It can also be seen that with increasing load resistance, 
the primary-side rms current decreases gradually as well, 
which decreases the current sensing accuracy thus affecting 
the estimation of RL. As such, the best identification with 
least errors occurs when RL is observed to be between 20 Ω 
and 25 Ω. Figure 16 demonstrates the deviation trend of the 
estimated load resistance. Similar to the simulated outcome 
of the estimated load resistance, the RL,estimate is able to 

Fig. 18  Voltage estimation error comparison

 

Fig. 17  Output load voltage estimation comparison

 

Fig. 16  Comparison of estimated load resistance

 

Fig. 15  Load resistance estimation

 

Fig. 14  Experimental waveform of the SS-compensated IWPT
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identification techniques of IWPT systems in literature as 
shown in Table 2. The performance comparison among the 
conventionally proposed primary-side identification tech-
niques considers several trade-offs in the implementation 
process as reported in their respective works.

5  Conclusion

In this article, a two-step identification strategy combining 
analytical modeling with a state-space Kalman estimator has 
been presented to estimate output parameters in communica-
tion-less dynamic IWPT systems. By first deriving a baseline 
equivalent load resistance analytically and then applying a 
linear Kalman estimator to track the output load voltage, the 
method suppresses noise propagation and adapts to load vari-
ations without disrupting system operation. It demonstrates 
significantly reduced estimation errors under noisy conditions 
and load changes. The non-disruptive merit of this approach 
and its primary-side-only implementation make it effective 
for real-time application in dynamic charging IWPT systems.
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